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Background: What is the next frontier for computer-tailored health communication (CTHC) research? In current CTHC systems,
study designers who have expertise in behavioral theory and mapping theory into CTHC systems select the variables and develop
the rules that specify how the content should be tailored, based on their knowledge of the targeted population, the literature, and
health behavior theories. In collective-intelligence recommender systems (hereafter recommender systems) used by Web 2.0
companies (eg, Netflix and Amazon), machine learning algorithms combine user profiles and continuous feedback ratings of
content (from themselves and other users) to empirically tailor content. Augmenting current theory-based CTHC with empirical
recommender systems could be evaluated as the next frontier for CTHC.
Objective: The objective of our study was to uncover barriers and challenges to using recommender systems in health promotion.
Methods: We conducted a focused literature review, interviewed subject experts (n=8), and synthesized the results.
Results: We describe (1) limitations of current CTHC systems, (2) advantages of incorporating recommender systems to move
CTHC forward, and (3) challenges to incorporating recommender systems into CTHC. Based on the evidence presented, we
propose a future research agenda for CTHC systems.
Conclusions: We promote discussion of ways to move CTHC into the 21st century by incorporation of recommender systems.
(J Med Internet Res 2016;18(3):e42)   doi:10.2196/jmir.4448
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Are there aspects of the Web 2.0 phenomenon that
can be marshaled by public health practitioners to
improve community and individual health or advance
scientific goals? [[1]]
Theory-based, computer-tailored health communication (CTHC)
is a tool that is frequently used to support behavior change [2].
It builds on the concepts of personal relevance, relatedness, and
cultural similarity, which are constructs of multiple behavioral
theories including the transtheoretical model, the theory of
reasoned action, social cognitive theory, and self-determination
theory [3-5]. Current CTHC systems use selected variables from
patients’ baseline profile and if-then rules to send tailored
messages to specific subsets of patients [2,6-10]. Study designers
who have expertise in behavioral theory and mapping theory
into CTHC systems select the variables and develop the rules
that specify how the content should be tailored (what messages
need to be sent to that patient subset) based on their knowledge
of the targeted population, the literature, and health behavior
theories. Textbox 1 provides an illustrative example of how a
current CTHC system might tailor a message as part of a
smoking cessation intervention. Over 30 years of research testing
CTHC approaches have provided convincing evidence of the
effectiveness of tailored messages [6,7,11-16]. Technological
advances have enabled CTHC to be delivered on multiple
platforms (eg, websites, email, and mobile) and to reach large
populations. However, as CTHC systems are currently
implemented, we may have reached the natural limits of their
ability to tailor communications.
Textbox 1. Computer-tailored health communication (CTHC): a simple example of a tailored message addressing weight gain on a Web-assisted tobacco
intervention.
John Smith, a 38-year-old smoker, has been smoking for 15 years. He has made multiple quit attempts in the past, but during each attempt he gained
between 10 and 20 pounds. Fear of weight gain is a significant barrier to another quit attempt.
John is trying to quit again and registers on the Decide2Quit.org Web-assisted tobacco intervention. For 8 weeks, the system sends 2 tailored emails
per week to John to help him quit.
Current CTHC
• In this approach, tailoring is based on information that John provides when he registers. For this example, we focus on 1 characteristic only:
gender.
• Since women are typically more concerned about weight gain after quitting [17-21], the developers of Decide2Quit.org have specified that half
of the emails sent to women should contain information related to weight gain, but only a quarter of the emails sent to men should be focused on
weight gain.
• After registering on Decide2Quit.org, John receives the first email that targets weight loss in the second week (third message) of the intervention.
John likes the message and finds the tips it offers useful. He looks forward to receiving similar messages. However, the next 5 messages he
receives focus on other topics. The next message with information on weight gain arrives only in week 5.
• John does not think the system helped and fails in his attempt to quit.
Recommender CTHC
• In this approach, the message is selected based on the collective-intelligence data, not on preset rules.
• After registering on Decide2Quit.org, John visits the weight loss page on the website (implicit data). The system uses these data and selects 1 of
the messages targeting weight loss and sends it to John in week 2 (third message). John likes the messages and rates the message highly (explicit
data). The system then notes both of these items of implicit and explicit feedback and regularly sends messages targeting weight gain to John.
The system also repeats the message that John rates highly.
• Because the intervention targeted his needs more specifically, John finds these messages useful and succeeds in his attempt to quit.
• We have kept the example simple to be easily understandable. We have not included in this example how the group’s feedback can help John.
New approaches to tailoring based on collective intelligence
may be able to build on the successes and lessons learned from
past tailoring efforts, and may overcome the limitations inherent
in current CTHC systems. Many people already encounter
collective-intelligence tailoring as they interact with companies
like Netflix and Amazon. These companies have developed a
special class of machine learning algorithms (recommender
systems) to tailor content. These systems tailor content based
on collective-intelligence data (ie, data derived from the behavior
of users as they interact with the system) in addition to user
profiles [22-24].
Collective-intelligence data include implicit and explicit user
feedback. Implicit data are derived from user actions (eg, the
website view patterns of each individual accessing the system).
Explicit data consist of self-reported item ratings (eg, ratings
provided by users for items such as books or movies, often on
a 5-star scale). However, in the health-promotion arena, patients
could be asked to rate relevance, influence, or other properties
of a message or product. Using these data, along with user
demographic characteristics, the algorithms underlying the
system generate personalized item recommendations for each
user. As these systems learn more about the user, they can
continually adapt to improve the recommendations.
Recommender systems can be implemented using 3 approaches:
a content-based approach [25], a collaborative filtering approach
[26], or a hybrid approach [27]. The distinction between a
content-based approach and a collaborative filtering approach
lies in the type of data used to generate a recommendation, as
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we discuss in further detail in the Results section. Hybrid
approaches merge content and collaborative filtering [27]. By
combining theory-based CTHC with the empirical approach of
recommender systems, the hybrid approach is a potentially
powerful combination.
The lower portion of Textbox 1 provides an example of how a
recommender system could be implemented to provide tailoring
as part of a smoking cessation intervention. It shows how
applying a recommender approach to health promotion could
potentially improve the tailoring provided by current rule-based
CTHC approaches. The primary difference between current
CTHC and recommender systems is how the content would be
tailored. In current CTHC, study designers select the variables
and develop the rules that specify how the content will be
tailored. In recommender systems, machine learning algorithms
use the data (patient profiles, and implicit and explicit feedback
ratings) to select the variables and generate the rules that specify
how the content will be tailored. As new data about the users
are collected, these recommender systems have the ability to
refine the variables and tailoring rules. Can we augment the
performance of CTHC by using recommender systems?
We present information gained through a focused literature
review and through interviews with subject experts. We begin
with a description of the limitations of current CTHC systems.
We then describe the potential advantages and challenges of
using a recommender systems approach. Based on the evidence
presented, we propose a future research agenda. Our goal is to
promote discussion of techniques to improve current CTHC
through use of recommender systems.
Methods
Study Design
We conducted a focused literature review and interviewed
experts to explore whether and how recommender systems might
enhance CTHC approaches. This study was conducted between
October 2012 and September 2015.
Data Collection
Literature Review
We conducted a focused literature review to identify white
papers, conceptual papers, and peer-reviewed papers describing
both current CTHC systems and recommender systems, as well
as information for the following categories: limitations of current
CTHC systems, advantages of recommender systems over
rule-based systems, and challenges of implementing
recommender systems for health promotion. We excluded papers
that only described a specific intervention or a specific method
for implementing these systems. Papers published in
peer-reviewed journals and conferences between 1985 and 2015
from several disciplines, including clinical, health promotion,
behavioral medicine, computer engineering, and recommender
systems, were considered for the secondary literature review
that was conducted from August 2015 through October 2015.
The following databases were searched: PubMed, ACM Digital
Library, and IEEE Xplore. Search terms for the Boolean search
techniques were computer tailoring, health message tailoring,
recommender systems, content-based, collaborative filtering,
hybrid systems, and their combinations with health, overview,
challenges, and barriers. Additionally, we reviewed the reference
lists of all of the identified papers for additional relevant papers
(Figure 1). Titles of the identified papers were reviewed by 1
reviewer (Kinney) under the supervision of Sadasivam. The
number of papers identified in the initial search and included
in the abstract review was vastly inflated due to variations in
meaning of the search term (ie, hybrid systems referring to
topics in electrical engineering). Papers that were excluded in
the full-text review included those that were too speculative and
opinion based, discussed only a specific trial or study, or were
too similar to a paper that was already selected (eg, papers by
the same authors). The team then synthesized the literature
search results. Two authors (Sadasivam and Kinney) reviewed
and summarized the information presented in the 15 papers
under 3 overarching categories (limitations of current CTHC
systems, advantages of recommender systems over rule-based
systems, and challenges of implementing recommender systems
for health promotion). These findings were presented to the
coauthors for review and, as a group, we refined the points in
each category.
J Med Internet Res 2016 | vol. 18 | iss. 3 | e42 | p.3http://www.jmir.org/2016/3/e42/
(page number not for citation purposes)
Sadasivam et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
Figure 1. Literature review study flow diagram.
Expert Interviews
We interviewed a purposive sample of experts in academia and
at the National Institutes of Health (NIH) (n=8). We chose a
sample size of 8 to assure representation in the 2 domains of
interest (4 each): (1) computer engineering and recommender
systems, and (2) health behavioral change, health
communication, and computer tailoring. Interviewees were
recruited through personal contacts and personal outreach at
conferences, such as the Society of Behavioral Medicine,
American Medical Informatics Association, and recommender
systems annual conferences. We conducted individual interviews
and used an open-ended interview format structured around the
3 themes: the limitations of current CTHC systems, potential
advantages of recommender systems over rule-based systems,
and challenges of implementing recommender systems for health
promotion. In the beginning of the interview, the interviewer
described the 2 types of systems (current CTHC and
recommender systems) to promote discussion. Our literature
findings organized around the 3 categories (limitations of current
CTHC systems, advantages of recommender systems over
rule-based systems, and challenges of implementing
recommender systems for health promotion) were presented to
the experts. We then used open-ended questions designed to
solicit feedback from the experts around the 3 categories.
Example questions were (1) Thinking about your last CTHC
study, tell us how current CTHC systems limited your efforts
in your study? (2) Thinking about your last CTHC study, tell
us how you think recommender CTHC systems would have
addressed current CTHC limitations? (3) What do you think are
the challenges for using recommender systems in health
interventions? Prompts were used when necessary. Example
prompts were (1) Were you able to implement all the tailoring
rules in your current CTHC study? (2) Do you think we have
sufficient data to implement recommender systems? Detailed
notes of each interview were taken. We used a process similar
to the literature synthesis to summarize and extract information
from the interviews. Specifically, the same 2 authors
summarized key points and issues that were raised during the
interviews (also organized into limitations of CTHC, potential
advantages of recommender systems, and challenges) and
presented these to the group for further synthesis.
Results
We present the results of our data synthesis below.
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Limitations of Current CTHC
Source: Literature Review
Current CTHC frameworks use theory-driven, rule-based
systems to provide different messages to patient subsets
[2,6,9,10,28-30]. Rule-based systems are one of the first and
simplest forms of artificial intelligence, allowing automation
of decisions in a manner consistent with rules provided by a
human expert [31,32]. For example, rule-based systems are used
as clinical decision-support systems to help providers choose
the correct diagnosis. Conceptually, a rule-based system has 3
components: (1) a knowledge base that stores all facts from
which the choice needs to be made, (2) rules that provide
conditional statements that link the given conditions to facts,
and (3) an inference engine that combines the rules and the
knowledge base to suggest the optimal choices [31,32]. In
developing these components (Figure 2), study designers must
consider several questions [33-35]: (1) message writing: what
are the important concepts for the targeted population? (2)
tailoring variables: how should the target population be
segmented? (3) rules: how should messages be selected for
different segments of the targeted population?
In the Textbox 1 example, the tailoring variable was gender
(male and female smokers), a key concept was addressing weight
gain, and a rule was that half of the emails sent to women should
contain information related to weight gain, but only a quarter
of the emails sent to men should be focused on weight gain.
Once these questions are addressed and the messages written,
study designers use metadata to describe and categorize the
messages. This step allows the CTHC system to select
appropriate messages for a patient subset. Metadata is defined
as data about data; it describes the structure or content of a
particular resource, object, or entity [36]. Previously applied to
card catalogue systems within libraries, this concept is applied
similarly in the electronic realm to discover concepts or
resources. In a CTHC system, metadata are used to flag
messages to help the inference engine identify which group of
messages should be sent for a particular tailoring condition. In
Textbox 1, examples of metadata include flagging for weight
gain messages, and a gender flag to indicate whether the
message should be sent to a man or woman, or there should be
a common message for both genders. Thus, for John, the CTHC
system would use the weight gain flag and the gender flag to
select an appropriate message.
As study designers address the above questions and develop the
intervention, they also have to balance several factors, including
time and cost. This study designer-driven, rule-based approach
may lead to 3 important limitations, detailed in the expert
interviews.
Figure 2. Structure of a current rule-based computer-tailored health communication (CTHC) system.
Source: Expert Interviews
Tailoring on Multiple Variables is Challenging With a
Rule-Based Approach
Leaders in the field of CTHC have demonstrated that high
tailoring (tailoring on many variables) is better than low tailoring
(using fewer variables) [37]. The use of rule-based expert
systems may limit the complexity of CTHC systems in terms
of the number of tailoring variables that can be included
[2,6,9,10]. As noted, typically these rules are programmed using
if-then statements [30,32,38]. The number of rules that can
actually be implemented is dependent on several factors,
including the programming team, the project’s budget, and the
timeline. For example, if a smoking cessation CTHC system is
tailored for gender (male, female) only, 2 if-then statements are
required. By adding age (eg, 19-34, 35-44, ≥45 years) as a
tailoring variable, the number of if-then statements required
becomes 6. A third condition (smoking status: contemplation,
preparation, and action) increases the number of if-then
statements necessary to 18. In general, the number of patient
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segments increases exponentially as the number of tailoring
variables increases. Thus, tailoring on many variables quickly
becomes difficult to implement and very resource intensive.
A Theory-Based, Designer-Written Rules Approach May
Limit Individual Relevance
While theory provides important guidance to CTHC
investigators, current theories may underrepresent the
complexity of factors that influence health behaviors [39,40].
This disconnect may be especially problematic when trying to
reach diverse populations. Unique sociocultural dimensions,
such as interconnectedness, level of health socialization, and
ecological and health care system factors, influence personal
perspectives and may affect the success of an outreach effort
[28]. Testing of CTHC interventions in pilot studies may help
to improve the interventions, but such pilots have limited
effectiveness. Budgetary and time constraints often drive
researchers to focus on improving messages for a few key
concepts rather than capturing a broad perspective. In such
situations, generalizability is limited and the risk of missing
influential variables persists. The previously noted limitation
on the number of rules that can easily be implemented also
increases the possibility of key concepts being excluded.
Rule-Based CTHC Systems Often Have Limited Ability to
Adapt in Real Time
A user’s personal preferences and behaviors can change over
the duration of the intervention. An optimal CTHC system needs
to have the capabilities to adapt in order to remain relevant and
engaging. While the ability of current systems to collect
real-time behavior has improved (eg, ecological momentary
assessment and use of sensors), current CTHC rule-based
approaches are limited in how they can adapt to this information.
CTHC rule-based systems typically adapt only to anticipated
and predicted changes in behavior (ie, how the study designers
think users will behave). For example, current CTHC systems
can be easily programmed to adapt to changes in a smoker’s
motivation to quit. However, to adapt to all the behavioral
patterns of the individual and the group, existing rules would
need to be modified or new rules added. This approach quickly
becomes resource intensive and often infeasible.
Using the Textbox 1 example, because the study designers did
not choose weight gain as a tailoring variable and did not write
rules for it, the rule-based CTHC was not able to personalize
the intervention to John’s needs by sending him additional
emails targeting weight gain. However, the recommender CTHC
system was able to note John’s viewing of the weight gain page
on the website (ie, implicit data) and then to send a message
targeting weight gain to John early on in the intervention. Based
on John’s ratings, the recommender system was able to further
adapt and send additional messages targeting weight gain to
him. Thus, John’s experience of the intervention was further
enhanced because of the additional tailoring provided by the
recommender system.
Advantages of Incorporating Recommender Systems
to Advance CTHC
Source: Literature Review
The use of complex algorithms to generate the tailoring
recommendations based on collective-intelligence data allows
tailoring based on the “observed behavior” of the users—how
the users are responding to the intervention collected through
user feedback, rather than how the study designers predict the
users are going to respond. User feedback data can be in the
form of explicit or implicit data. As noted, recommender systems
can be implemented using 3 approaches: a content-based
approach [25], a collaborative filtering approach [26], or a
hybrid approach [27]. Content-based recommender systems use
the description of the items (metadata) and the preferences of
the user to make user-specific recommendations. Given a sample
of rating data, content-based recommender systems learn a
function to match users to items by taking the user profile
information (eg, age, gender) and the metadata of the items as
input. While content-based recommender systems conceptually
work similarly to current CTHC systems, the main difference
between them is that the matching function is specified by study
designers in existing CTHC systems in the form of tailoring
rules, while the matching function is optimized based on rating
data in the case of content-based recommender systems. Since
the matching function is learned from data and not specified by
hand, it is feasible to consider many more demographic and
tailoring variables.
In contrast to content-based recommender systems, collaborative
filtering recommender systems match users to items by directly
leveraging feedback ratings data (implicit or explicit) of the
item (ie, messages in the case of CTHC). The simplest examples
of this approach are nearest-neighbor methods [26]. These
methods match a target user with other users who have given
similar feedback ratings data regarding the items the users have
rated in common. The set of users matched to the target user
are referred to as the target user’s nearest neighbors. The method
then recommends items to the target user that their neighboring
users have rated highly. The assumption behind these methods
is that if 2 users are observed to have close agreement on the
feedback ratings of a sufficiently large number of items, they
will likely agree closely on the ratings for the remainder of the
items.
Hybrid recommender systems merge the strengths of
content-based and collaborative filtering recommender systems
[27]. These systems recommend items by merging information
about user demographics and explicit item characteristics with
information about how similar users rate items. This approach
would technologically be the most challenging to develop,
requiring an integrated framework that links together the
different types of information into a unified model. Hybrid
models can potentially bridge the world of theory-based
approaches with empirical recommender systems-based
approaches. For example, in the CTHC case it may become
possible to first segment users according to a study
designer-specified top-level tailoring variable such as smoking
status, then using the recommender system algorithm to
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automatically and significantly refine the tailoring within each
top-level segment based on all available information sources.
Source: Expert Interviews
When seeking to develop recommender system-based CTHC,
study designers must face the following questions (see also
Figure 3): (1) message writing: what are the important concepts
for the targeted population? (2) tailoring variables: how do we
collect the collective-intelligence data and what do we collect
(including implicit and explicit data), and what data and
variables can be made available for the algorithm in order to
generate recommendations?
In the aforementioned smoking cessation example (Textbox 1),
John’s rating of messages is explicit data, and his visiting a
webpage on the website is implicit data. Along with John’s
demographic characteristics, the recommender system was able
to further personalize John’s experience on the intervention
using these data.
As in current CTHC, in the recommender system study designers
will have to develop metadata describing message characteristics
that will be used for message selection. Study designers do not
typically have to consider the selection of the tailoring variables
and the rules, as these will be derived from the data collected
by the algorithms underlying the recommender systems. This
data-driven approach has the potential to provide several
advantages. These are as follows.
Figure 3. Components of recommender systems for computer tailoring. The primary differences between the 2 systems depicted in Figure 2 and 3 are
shaded in gray. They represent the continuous feedback data that the recommender systems are able to use. CTHC: computer-tailored health communication.
Tailoring is Based on a Near-Infinite Number of Variables
Sophisticated machine learning algorithms are potentially able
to consider all of the available user variables and to tailor based
on these variables. As noted above, rule-based systems are
limited in the number of variables that can be used. The
recommender system approach potentially reduces the possibility
of any key variable being excluded and allows for tailoring on
more variables. The number of variables that can be effectively
incorporated or is meaningful to the participant has to be
empirically tested. Systems also have to be designed to collect
all potential user data to take advantage of this ability of the
recommender systems.
Tailoring is Not Limited to Theory or Study Designers’
Knowledge
A recommender systems approach would be an ideal
complement to theory-based approaches because it would
identify important variables from user data and behavior. The
machine learning algorithms of recommender systems
recommend messages based on the data and are not limited to
the study designer-written rules. Textbox 1 provides an example
of how recommender systems can augment theory-based
approaches. By incorporating the smoker’s (John) feedback,
the system was able to augment the tailoring provided by the
system, sending additional messages targeting weight gain to
the smoker.
Algorithms Can Adapt to Real-Time Feedback
In contrast to rule-based approaches, the machine learning
algorithms of the recommender system can more easily adapt
to unpredicted changes in individual as well as group user
behavior. As noted in the Textbox 1 example, the system was
able to note John’s browsing of a webpage on the site, as well
as his ratings of the message, and used this information to further
tailor the intervention. Thus, these systems can adapt to
continuous feedback provided by the users of the intervention.
Similar to the systems used by Netflix and Amazon, the system
continually learns. As more users contribute data, more
sophisticated message tailoring is possible.
Table 1 summarizes our above discussion on the differences
between current CTHC and recommender systems, including
how recommender systems can augment current CTHC. The
next sections will describe potential challenges to incorporating
collective-intelligence data and recommender systems in CTHC.
In addition, we highlight important research questions.
J Med Internet Res 2016 | vol. 18 | iss. 3 | e42 | p.7http://www.jmir.org/2016/3/e42/
(page number not for citation purposes)
Sadasivam et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
Table 1. Rule-based computer-tailored health communication (CTHC) versus recommender systems.
Recommender systemsRule-based CTHCFeature
(2) Message writing: What are the important
concepts for the targeted population?
(1) Message writing: What are the important
concepts for the targeted population?
Intervention development questions
(2) Tailoring variables: What collective-intelli-
gence data (implicit and explicit data) should be
collected and how?
(2) Tailoring variables: How should the target
population be segmented?
(3) Rules: How should messages for the partici-
pant patient segment be selected?
Data-driven: Sophisticated machine learning al-
gorithms derive the tailoring rules from the col-
lective-intelligence data of the individual, as well
as the group.
Rules-driven: Study designers develop rules
based on the literature and theory. These rules
link user profiles to the metadata of the messages,
selecting messages for a patient subset.
Message selection
Sophisticated algorithms can potentially consider
all the variables collected in the intervention.
The number of variables incorporated can be-
come quickly unmanageable. It is limited by the
sophistication of the study designers in the team,
project’s timeline, and budget.
Complexity (number of variables)
Theory is augmented by deriving recommenda-
tions from the user data.
Tailoring is limited to theoretical constructs.Use of theory
System can continuously adapt, potentially im-
proving with each message delivered. Responds
to the user’s behavior and to the group’s behavior
over time.
System is limited to predicted changes in behav-
ior.
Adaptation
Challenges to Incorporating Recommender Systems
in CTHC
Source: Expert Interviews
The potential is there, but can recommender systems be adapted
to CTHC systems? There are several challenges or potential
barriers to widespread adoption of this approach including.
Limited Availability of Collective-Intelligence Data at the
Start of the Intervention
When companies such as Netflix and Amazon deployed their
recommender systems, they had already collected
collective-intelligence data on several thousands of users. In
contrast, most CTHC interventions do not have access to such
data sets, such as prior ratings of motivational messages, use
and effectiveness data of an intervention, or sensor data from
physiological measures of recipients’ reactions. The lack of
such collective-intelligence data at the start affects the ability
to reach and maintain sufficient momentum in the early stages
of an intervention.
Limited Sample Size and Intervention Study Time
The sample size and study timeline of a typical behavioral health
intervention impose additional challenges to a recommender
system. In 2012, Amazon.com reported having a client base of
over 100 million customers worldwide, while Netflix boasted
29.4 million users in that same year. In contrast, CTHC research
settings draw on much smaller initial populations, often with
limited user interaction. CTHC interventions have shorter
timeframes, often due to the dictates of limited research funding.
Small study populations and limited data collection may threaten
both the generalizability of the messages and the precision of
the algorithms.
Steep Rate of Intervention Attrition
Attrition rates tend to be very high in technology-assisted health
interventions [41-46]. Typically, most users engage with the
interventions only once or twice during the study. Combined
with the limited sample size issue discussed above, this can
significantly limit the availability of implicit feedback.
Moreover, the users who engage more frequently may also be
different from those users who are less engaged, and their
feedback may not reflect the feedback of the less-engaged users
[37,46].
Potential Unintended Consequence
There are potential unintended consequences of using a
data-driven approach to tailor messages for users. Web 2.0
companies have developed over the years a sophisticated
approach to collecting feedback data and channeling these data
into their recommender systems. Explicit ratings in the form of
“like” functions and implicit ratings, such as user webpage visits
or purchase of a product, provide detailed ongoing feedback
that informs subsequent messages sent to customers. While
effectiveness of a message promoting online merchandise may
be measured by users’ purchasing decisions, assessing the
effectiveness of behavioral health messages is more complex.
For example, users’ preferences could possibly tend toward
information that reinforces the behavior that is being targeted
for reduction. In other words, a user liking a message may not
mean that the message will influence behavior change in the
desired direction.
For example, triggers for smoking can vary among smokers
[47]. In a hypothetical case, listening to music might be a useful
relaxation technique for some participants, helping to reduce
stress and to remove a trigger for smoking. However, for other
smokers, listening to music might act as a trigger. A purely
recommender system-based approach might not be able to
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distinguish between music as a relaxation device and music as
a trigger. Avoiding unintended consequences of this type of
situation would be challenging. Methods for monitoring the
tailoring or for collecting data in ways that allow the system to
make these distinctions would be important. Such approaches




We propose the following research agenda to respond to the
above challenges and to advance the field of CTHC using
recommender systems approaches.
Research to Understand What Collective-Intelligence Data
to Collect for Health Interventions and How
As noted, complicating the generation of collective-intelligence
data is the lack of clarity of what constitutes appropriate
feedback for health behavioral messages. Studies are needed to
evaluate the research questions associated with this issue. We
need to understand whether message feedback ratings on a single
question (or dimension) are sufficient, or whether we need
ratings on multiple questions. For example, a study designed to
address this question could be to recruit users to rate messages
on multiple dimensions (Textbox 2) and to assess whether these
dimensions provide the same or different information. Because
time and order of the questions could also be a factor in the
ratings, the survey should be designed to present these questions
in a random order. If the ratings of the messages are highly
correlated, then having a single question might be sufficient.
However, if they are not correlated, having additional questions
might be useful. Researchers must balance the need for
additional information with the burden of asking their users to
rate multiple questions.
Textbox 2. Example dimensions of collective-intelligence data collection (further research might expand this list to include additional items).
Motivational influence
This message influences me to change my behavior. (yes/no)
Emotional engagement
This message affected me emotionally. (positive and negative emotions)
Relevance
This message was personally relevant to me.
Preference
I would like more messages like this one.
Second, as noted above, using the wrong feedback data might
lead to unintended consequences (see Results). Assessing
whether a message might lead to unintended consequences could
be challenging. One approach is to use technological
advancements in data collection (eg, ecological momentary
assessment or sensors) to assess the user’s behavior after
receiving a message. For example, in a smoking cessation study,
smokers who are attempting to quit could be provided with a
mobile app to record any smoking and the reasons for smoking
during the intervention. This information could then be
compared with the messages that were sent immediately
preceding the smoking event to assess whether that particular
message was correlated with the smoking.
There are also a few strategies that can be studied to overcome
the limited availability of collective-intelligence data. For
example, the preintervention stage of a study can be used for
explicit data collection. Research is necessary to determine the
minimum amount of explicit data needed to develop a
reasonably functioning CTHC algorithm. Research is also
needed on how to continue gathering explicit data throughout
the intervention. This could be in the form of a question at the
end of every message sent to the participants. Research is also
warranted on how to incorporate implicit data into the algorithm
as the intervention participants engage with the system (eg,
visits to a website).
Technological advances can also be used to generate additional
collective-intelligence data. The considerable data warehouse
technologies can be used to aggregate collective-intelligence
data from multiple interventions. A new investigator can then
use these data collected by other investigators to initiate this
CTHC intervention. Another interesting development in recent
years is the development of large social networks around health
issues. For example, BecomeAnEx and QuitNet are social
networks focused on helping smokers [48,49]. In these networks,
users are continuously interacting with and supporting each
other in their efforts to adopt health behaviors, while generating
large quantities of untapped collective-intelligence data. One
way to use these collective-intelligence data for CTHC would
be to write natural language-processing tools to identify
messages similar to an investigator’s health messages, and then
mine the collective-intelligence data on these similar messages,
such as the number of views of these messages and follow-up
posts. This information could then be used to initialize a
recommender system for a new intervention. Research is needed
to examine whether these approaches are feasible and develop
appropriate natural language-processing tools to extract
information from existing social networks. Research is also
needed to examine whether adding external data to the
algorithms would be an improvement over cold starting [50]
these systems without any data (ie, using rules to select the first
set of messages and then personalize them based on user
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feedback) or with minimal data. A study could randomly assign
participants to receive messages tailored either by a
collective-intelligence system that is cold started or by a
recommender system augmented by using data from other social
networks. Users in the study could then be asked to rate each
message that they receive. A comparison of the user’s ratings
by time might provide insights into whether the
collective-intelligence data enhanced the intervention. Questions
include the following. Did the augmented collective-intelligence
system receive higher ratings in the initial time periods as
compared with the cold-started recommender system? Did this
trend continue, or did the effect of augmenting with external
data disappear after some time in the intervention?
Research to Understand Appropriate Selection of the
Recommender Approach
As noted, recommender systems can be implemented using 3
approaches: content based, collaborative, or hybrid. Each of
these has distinct advantages. While content-based systems are
similar to rule-based approaches, content-based systems can
use the rich metadata that can be developed for a particular
message. While metadata is primarily used for flagging the
messages to a particular tailoring condition, use of metadata in
content-based systems can be more powerful. CTHC messaging
can be described in several ways, including its relevance to
particular concepts in a behavioral theory (eg, self-efficacy),
the message polarity (positive, negative, or neutral sentiment),
and the topical content of the message (eg, mentioning weight
loss or cravings). In theory, a content-based system can use all
this information in developing a matching function. However,
in practice the cost of explicitly specifying large amounts of
metadata for each message can be prohibitively expensive.
Collaborative filtering methods can bypass the need to match
users to items based on explicitly defined metadata and instead
derive recommendations based directly on items that similar
users have rated highly. As a result, collaborative filtering
recommender systems have been successful in domains such
as book and movie recommendation, where enumerating all
relevant characteristics of the users and items is difficult, if not
impossible. However, there are certain disadvantages to using
a purely collaborative filtering approach. This approach would
imply that the tailoring is purely data driven and may lead to
unintended consequences (see Results).
Hybrid systems can bridge theory-based, rule-based tailoring
with the recommender empirical tailoring. While this might
appear to be the best fit, it might not be feasible to develop
hybrid models for all projects, given the limitations of time,
content, and available collective-intelligence data. Thus, research
is needed to identify the best recommender approach for an
intervention and what approach would provide an advance over
current rule-based approaches, make the intervention most
engaging within the project constraints, and most influence the
targeted behavior.
Studies are needed to compare the performance of all 3
approaches. For example, a study could directly compare the
performance of all 3 approaches by randomly assigning
participants to receive messages tailored by either a
content-based, a collaborative, or a hybrid recommender system.
Such a study could be evaluated in terms of several different
outcomes. In a pilot study, the outcome could simply be a
comparison of the ratings provided by participants for a period
of time (eg, 30 days) or of the use of the intervention functions.
Ratings could be in the form of explicit ratings (eg, Textbox 2
dimensions) or implicit ratings (eg, user webpage visits or setting
a goal). In a long-term effectiveness study, the outcome could
be desirable changes in the behavior (eg, quitting smoking).
Investigators must also factor in the cost of developing these
systems in their evaluations.
Research to Understand the Impact of Using
Collective-Intelligence Data for CTHC
Will recommender systems be better than current CTHC? There
is no evidence regarding the use of recommender systems in
CTHC. Research is needed to understand the benefit of
incorporating recommender approaches into CTHC, in terms
of increased engagement as well as behavior change.
Comparative effectiveness studies are needed to evaluate the
relative impact of rule-based tailoring versus recommender
systems tailoring across different health behavior targets. The
outcome of such a study would be assessing the behavior change
of interest, as well as increased engagement and satisfaction
with the intervention.
To achieve these agenda, we may need changes in our training
and funding models with an increased focus on supporting
interdisciplinary research bridging behavioral science and
computing. As with any interdisciplinary teams, researchers
must be conscious of differences between disciplines in terms
of terminology to ensure clear communication across team
members. More fundamentally, researchers also need to be
conscious of differences between disciplines in terms of where
research challenges lie. For example, behavioral scientists may
not be familiar with the challenges of developing, implementing,
and deploying new algorithms and systems. On the other hand,
computer scientists may not be familiar with the challenges
involved in conducting behavior change intervention research,
such as the time and effort needed to recruit subjects and ensure
adequate levels of adherence to study protocols.
While this divide between disciplines has decreased with the
increasing number of collaborations, additional training would
speed up this merging. A model similar to the US National
Science Foundation (NSF)/NIH mHealth Summer Institute
training model might be a suitable approach to address some of
these issues [51]. In the mHealth Summer Institute, behavioral
scientists and mHealth researchers are brought together and
exposed to the methodology and challenges faced by each
respective field. Proposal development offers its own challenges.
Investigators would benefit from attending conferences in the
fields of those with whom they wish to collaborate, and the
development of joint meetings may be beneficial in order to lay
the groundwork for future proposal development.
As mentioned above, modifying existing funding models should
also be considered. Developing recommender systems will
require considerable time, which the typical NIH funding model
does not facilitate. Substantial preintervention work will be
needed to develop these systems, including
collective-intelligence data collection through pilot surveys,
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recommendation algorithm development and validation, Web
system design, message creation, and metadata creation. A joint
NSF/NIH model similar to the Big Data Request for
Applications that provides an additional development cycle and
also stresses collaboration across disciplines might be a potential
funding model for advancing the research agenda of using
recommender systems in CTHC [52].
Limitations
The views presented in this paper are limited. Research on the
incorporation of recommender systems is in its infancy.
Therefore, few papers relevant to this work have been published.
We wrote this paper hoping it would start the conversation. Our
hope is that the research community will consider the points
presented in this paper and respond with additional issues that
we have not yet considered.
Conclusions
Recent technological advances and the widespread use of
recommender systems outside health care present an incredible
opportunity to improve on an already effective CTHC approach,
and to reach and affect billions of users through Web and mobile
technologies. Multiple challenges must be addressed to adapt
recommender systems for CTHC. In this paper, we have
attempted to start a discussion that we hope will help to move
CTHC into the 21st century of these recommender systems.
 
Acknowledgments
Dr Sadasivam is funded by a National Cancer Institute Career Development Award (K07CA172677). Funding for these studies
was also received from the Patient-Centered Outcomes Research Institute (PI12-001), National Cancer Institute grant R01
CA129091, and the National Center for Advancing Translational Sciences of the National Institutes of Health under award number
UL1TR000161. Dr Houston is also supported by the US Department of Veterans Affairs eHealth Quality Enhancement Research
Initiative (eHealth QUERI) that he directs. Dr Cutrona receives grant funding from the Agency for Healthcare Research and
Quality (1 R21 HS023661-01), Pfizer Independent Grants for Learning & Change (9713747-01), and the National Center for
Advancing Translational Sciences of the National Institutes of Health (KL 2 RR031981). Dr Marlin is also funded by a National
Science Foundation CAREER award (1350522). The content is solely the responsibility of the authors and does not necessarily
represent the official views of the National Institute on Aging or the National Institutes of Health, or the Department of Veterans
Affairs or the United States government. We thank Erin Borglund, Clinical Research Coordinator at the Department of Quantitative




1. Hesse BW, O'Connell M, Augustson EM, Chou WS, Shaikh AR, Rutten Lila J Finney. Realizing the promise of Web 2.0:
engaging community intelligence. J Health Commun 2011;16 Suppl 1:10-31 [FREE Full text] [doi:
10.1080/10810730.2011.589882] [Medline: 21843093]
2. Kreuter M. Tailoring Health Messages: Customizing Communication with Computer Technology. Mahwah, NJ: Lawrence
Erlbaum Associates; 2000.
3. Bandura A. Social Foundations of Thought and Action: A Social Cognitive Theory. Englewood Cliffs, NJ: Prentice-Hall;
1986.
4. DiClemente CC, Prochaska JO, Fairhurst SK, Velicer WF, Velasquez MM, Rossi JS. The process of smoking cessation:
an analysis of precontemplation, contemplation, and preparation stages of change. J Consult Clin Psychol 1991
Apr;59(2):295-304. [Medline: 2030191]
5. Eldredge LKB, Markham CM, Ruiter RAC, FernÃ¡ndez ME, Kok G, Parcel GS. Planning Health Promotion Programs:
An Intervention Mapping Approach, 4th E. United States: Jossey-Bass, Wiley; 2011:768.
6. Brug J, Steenhuis I, van AP, de VH. The impact of a computer-tailored nutrition intervention. Prev Med 1996;25(3):236-242.
[doi: 10.1006/pmed.1996.0052] [Medline: 8781000]
7. Kreuter MW, Strecher VJ. Do tailored behavior change messages enhance the effectiveness of health risk appraisal? Results
from a randomized trial. Health Educ Res 1996 Mar;11(1):97-105 [FREE Full text] [Medline: 10160231]
8. Kreuter M. Community Health Promotion Ideas That Work: A Field-Book for Practitioners. Sudbury, MA: Jones and
Bartlett Publishers; 1998.
9. Strecher VJ. Computer-tailored smoking cessation materials: a review and discussion. Patient Educ Couns 1999
Feb;36(2):107-117. [Medline: 10223016]
10. Shiffman S, Paty JA, Rohay JM, Di Marino M E, Gitchell J. The efficacy of computer-tailored smoking cessation material
as a supplement to nicotine polacrilex gum therapy. Arch Intern Med 2000 Jun 12;160(11):1675-1681. [Medline: 10847261]
11. Prochaska JO, DiClemente CC, Velicer WF, Rossi JS. Standardized, individualized, interactive, and personalized self-help
programs for smoking cessation. Health Psychol 1993 Sep;12(5):399-405. [Medline: 8223364]
12. Campbell MK, DeVellis BM, Strecher VJ, Ammerman AS, DeVellis RF, Sandler RS. Improving dietary behavior: the
effectiveness of tailored messages in primary care settings. Am J Public Health 1994 May;84(5):783-787. [Medline: 8179049]
J Med Internet Res 2016 | vol. 18 | iss. 3 | e42 | p.11http://www.jmir.org/2016/3/e42/
(page number not for citation purposes)
Sadasivam et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
13. Strecher V, McClure JB, Alexander GL, Chakraborty B, Nair VN, Konkel JM, et al. Web-based smoking-cessation programs:
results of a randomized trial. Am J Prev Med 2008 May;34(5):373-381 [FREE Full text] [doi: 10.1016/j.amepre.2007.12.024]
[Medline: 18407003]
14. Marcus BH, Emmons KM, Simkin-Silverman LR, Linnan LA, Taylor ER, Bock BC, et al. Evaluation of motivationally
tailored vs. standard self-help physical activity interventions at the workplace. Am J Health Promot 1998;12(4):246-253.
[Medline: 10178617]
15. Bull FC, Kreuter MW, Scharff DP. Effects of tailored, personalized and general health messages on physical activity. Patient
Educ Couns 1999 Feb;36(2):181-192. [Medline: 10223022]
16. Houston TK, Sadasivam RS, Allison JJ, Ash AS, Ray MN, English TM, et al. Evaluating the QUIT-PRIMO clinical practice
ePortal to increase smoker engagement with online cessation interventions: a national hybrid type 2 implementation study.
Implement Sci 2015;10:154 [FREE Full text] [doi: 10.1186/s13012-015-0336-8] [Medline: 26525410]
17. Pirie PL, Murray DM, Luepker RV. Gender differences in cigarette smoking and quitting in a cohort of young adults. Am
J Public Health 1991 Mar;81(3):324-327. [Medline: 1994740]
18. Pisinger C, Jorgensen T. Weight concerns and smoking in a general population: the Inter99 study. Prev Med 2007
Apr;44(4):283-289. [doi: 10.1016/j.ypmed.2006.11.014] [Medline: 17222451]
19. Bush T, Levine MD, Zbikowski S, Deprey M, Rabius V, McAfee T, et al. Weight gain after quitting: attitudes, beliefs and
counselling strategies of cessation counsellors. J Smok Cessat 2008 Dec;3(2):124-132 [FREE Full text] [doi:
10.1375/jsc.3.2.124] [Medline: 20574550]
20. Levine MD, Bush T, Magnusson B, Cheng Y, Chen X. Smoking-related weight concerns and obesity: differences among
normal weight, overweight, and obese smokers using a telephone tobacco quitline. Nicotine Tob Res 2013
Jun;15(6):1136-1140 [FREE Full text] [doi: 10.1093/ntr/nts226] [Medline: 23100456]
21. Bush T, Hsu C, Levine MD, Magnusson B, Miles L. Weight gain and smoking: perceptions and experiences of obese
quitline participants. BMC Public Health 2014;14:1229 [FREE Full text] [doi: 10.1186/1471-2458-14-1229] [Medline:
25428130]
22. Segaran T. Programming Collective Intelligence: Building Smart Web 2.0 Applications. Sebastapol, CA: O'Reilly; 2007.
23. Konstan J, Riedl J. Deconstructing Recommender Systems: How Amazon and Netflix Predict Your Preferences and Prod
You to Purchase.: IEEE Spectrum; 2012 Sep 24. URL: http://spectrum.ieee.org/computing/software/
deconstructing-recommender-systems [accessed 2015-10-15] [WebCite Cache ID 6cIcyRU1T]
24. Vanderbilt T. The Science Behind the Netflix Algorithms That Decide What You’ll Watch Next. 2013 Aug. URL: http:/
/www.wired.com/2013/08/qq_netflix-algorithm/ [accessed 2015-10-15] [WebCite Cache ID 6cId1xeo6]
25. Belkin N, Croft B. Information filtering and information retrieval: two sides of the same coin? Commun ACM 1992;35:29-38.
26. Goldberg D, Nichols D, Oki BM, Terry D. Using collaborative filtering to weave an information tapestry. Commun ACM
1992;35(12):61-70.
27. Melville PR, Mooney RJ, Nagarajan R. Content-boosted collaborative filtering for improved recommendations. 2002
Presented at: Eighteenth National Conference on Artificial Intelligence (AAAI-02); 2002; Edmonton, AB p. 187-192.
28. Ashing-Giwa K. Health behavior change models and their socio-cultural relevance for breast cancer screening in African
American women. Women Health 1999;28(4):53-71. [doi: 10.1300/J013v28n04_04] [Medline: 10378345]
29. Vasarhelyi ME, Bonson E, Hoitash R. Artificial Intelligence in Accounting & Auditing: International Perspectives (Rutgers
Series in Accounting Information Systems). Princeton, NJ: Markus Wiener Publishers; 2005.
30. Russell SP, Norvig P. Artificial Intelligence: A Modern Approach. Upper Saddle River, NJ: Prentice Hall; 2010.
31. Abraham A. Rule-based expert systems. In: Sydenham P, THorn R, editors. Handbook of Measuring System Design.
Hoboken, NJ: John Wiley and Sons; 2005:909-919.
32. Grosan C, Abraham A. Intelligent Systems: A Modern Approach. Berlin: Springer; 2011:149-185.
33. Dijkstra A, De VH. The development of computer-generated tailored interventions. Patient Educ Couns 1999
Feb;36(2):193-203. [Medline: 10223023]
34. Kukafka R, Lussier YA, Patel VL, Cimino JJ. Developing tailored theory-based educational content for WEB applications:
illustrations from the MI-HEART project. Stud Health Technol Inform 2001;84(Pt 2):1474-1478 [FREE Full text] [Medline:
11604971]
35. Kok G, Schaalma H, Ruiter Robert A C, van EP, Brug J. Intervention mapping: protocol for applying health psychology
theory to prevention programmes. J Health Psychol 2004 Jan;9(1):85-98. [doi: 10.1177/1359105304038379] [Medline:
14683571]
36. Hodge GM. Understanding Metadata. Bethesda, MD: NISO Press; 2004.
37. Strecher VJ, McClure J, Alexander G, Chakraborty B, Nair V, Konkel J, et al. The role of engagement in a tailored web-based
smoking cessation program: randomized controlled trial. J Med Internet Res 2008;10(5):e36 [FREE Full text] [doi:
10.2196/jmir.1002] [Medline: 18984557]
38. Freeman-Hargis J. Introduction to Rule-Based Systems. URL: http://ai-depot.com/Tutorial/RuleBased.html [accessed
2015-10-15] [WebCite Cache ID 6cIcpm0mL]
39. Glanz KB, Rimer B, Viswanath K. Health Behavior and Health Education: Theory, Research, and Practice. San Francisco,
CA: Jossey-Bass; 2008.
J Med Internet Res 2016 | vol. 18 | iss. 3 | e42 | p.12http://www.jmir.org/2016/3/e42/
(page number not for citation purposes)
Sadasivam et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
40. Mermelstein RJ, Revenson TA. Applying theory across settings, behaviors, and populations: translational challenges and
opportunities. Health Psychol 2013 May;32(5):592-596 [FREE Full text] [doi: 10.1037/a0030582] [Medline: 23646843]
41. An LC, Perry CL, Lein EB, Klatt C, Farley DM, Bliss RL, et al. Strategies for increasing adherence to an online smoking
cessation intervention for college students. Nicotine Tob Res 2006 Dec;8 Suppl 1:S7-12. [Medline: 17491165]
42. Christensen H, Griffiths KM, Farrer L. Adherence in internet interventions for anxiety and depression. J Med Internet Res
2009;11(2):e13 [FREE Full text] [doi: 10.2196/jmir.1194] [Medline: 19403466]
43. Neve MJ, Collins CE, Morgan PJ. Dropout, nonusage attrition, and pretreatment predictors of nonusage attrition in a
commercial Web-based weight loss program. J Med Internet Res 2010;12(4):e69 [FREE Full text] [doi: 10.2196/jmir.1640]
[Medline: 21156470]
44. Postel MG, de Haan Hein A, ter Huurne Elke D, van der Palen Job, Becker ES, de Jong Cor A J. Attrition in web-based
treatment for problem drinkers. J Med Internet Res 2011;13(4):e117 [FREE Full text] [doi: 10.2196/jmir.1811] [Medline:
22201703]
45. Richardson A, Graham AL, Cobb N, Xiao H, Mushro A, Abrams D, et al. Engagement promotes abstinence in a web-based
cessation intervention: cohort study. J Med Internet Res 2013;15(1):e14 [FREE Full text] [doi: 10.2196/jmir.2277] [Medline:
23353649]
46. Sadasivam RS, Kinney RL, Delaughter K, Rao SR, Williams JH, Coley HL, National Dental PBRN Group, et al. Who
participates in Web-assisted tobacco interventions? The QUIT-PRIMO and National Dental Practice-Based Research
Network Hi-Quit studies. J Med Internet Res 2013;15(5):e77 [FREE Full text] [doi: 10.2196/jmir.2385] [Medline: 23635417]
47. Minami H, Tran LT, McCarthy DE. Using ecological measures of smoking trigger exposure to predict smoking cessation
milestones. Psychol Addict Behav 2015 Mar;29(1):122-128. [doi: 10.1037/adb0000017] [Medline: 25134024]
48. EX: A New Way to Think About Quitting Smoking.: Truth Initiative; 2015. URL: http://www.becomeanex.org/ [accessed
2016-01-25] [WebCite Cache ID 6eo2TGhf5]
49. QuitNet: Quit Smoking With the Longest-Running Program in the World.: MeYou Health, LLC; 2016. URL: https://quitnet.
meyouhealth.com/ [accessed 2016-02-15] [WebCite Cache ID 6eo2rVw4I]
50. Schein AI, Popescul A, Ungar LH, Pennock DM. Methods and metrics for cold-start recommendations. 2002 Presented at:
25th annual international ACM SIGIR conference on Research and development in information retrieval; 2002; Tampere,
Finland.
51. mHealth Summer Training Institute. URL: https://md2k.org/events/traininginstitute/ [accessed 2016-01-25] [WebCite Cache
ID 6enugmgEC]
52. NSF-NIH Interagency Initiative: Core Techniques and Technologies for Advancing Big Data Science and Engineering
(BIGDATA). URL: http://grants.nih.gov/grants/guide/notice-files/NOT-GM-12-109.html [accessed 2016-01-26] [WebCite
Cache ID 6epTbHzmH]
Abbreviations
CTHC: computer-tailored health communication
NIH: National Institutes of Health
NSF: National Science Foundation
Edited by G Eysenbach; submitted 23.03.15; peer-reviewed by S Perez, A Graham; comments to author 24.07.15; revised version
received 15.10.15; accepted 23.01.16; published 07.03.16
Please cite as:
Sadasivam RS, Cutrona SL, Kinney RL, Marlin BM, Mazor KM, Lemon SC, Houston TK
Collective-Intelligence Recommender Systems: Advancing Computer Tailoring for Health Behavior Change Into the 21st Century




©Rajani Shankar Sadasivam, Sarah L Cutrona, Rebecca L Kinney, Benjamin M Marlin, Kathleen M Mazor, Stephenie C Lemon,
Thomas K Houston. Originally published in the Journal of Medical Internet Research (http://www.jmir.org), 07.03.2016. This is
an open-access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/2.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on http://www.jmir.org/, as well as this copyright and license information must be
included.
J Med Internet Res 2016 | vol. 18 | iss. 3 | e42 | p.13http://www.jmir.org/2016/3/e42/
(page number not for citation purposes)
Sadasivam et alJOURNAL OF MEDICAL INTERNET RESEARCH
XSL•FO
RenderX
